Introduction: Issues in Emission Estimations From Biomass Burning
[2] Biomass burning (derived from wildland fires as well as grazing and agricultural fires) is a significant source of carbon to the atmosphere [Andreae, 1991] ; hence it is an essential factor to consider when evaluating climate changes at a global level. In addition, knowledge of spatiotemporal emission patterns is critical to estimate their effect on atmospheric dynamics and to improve global atmospheric models, as well as to meet international agreements derived from the Kyoto protocol (http://unfccc.int/). Although global fire dynamics are driven by general climatic parameters [Dwyer et al., 2000; Galanter et al., 2000] , several authors have pointed out the high interannual and intraannual variability of biomass burning [Hoffa et al., 1999] .
For instance, in tropical areas, temperature and length of the dry season can fluctuate sharply, which strongly affect fire characteristics. Thus, when monitoring emissions at a frequent temporal scale, adjusting parameters according to seasonal variability would be a significant step.
[3] Emission estimations require models adapted at several temporal and spatial scales [Goldammer, 1990; Levine, 1996; Prinn, 1991] . While local estimations and measurements are important to understand emission mechanisms , regional and global estimations are essential in order to assess emission effects on the atmosphere and on global climate patterns. Models at a high spatial resolution [Reinhardt et al., 1997] provide an evaluation of the spatial variability that global models frequently miss but require more detailed information and are difficult to generalize at global or continental scales. Thus most emission estimation methodologies are adjusted for specific temporal and spatial scales, and their integration is a critical issue to derive consistent and reliable models.
[4] Two main approaches for estimating biomass burning emissions have been proposed in the literature. The first one is based on direct measurements of trace gas released during a fire. This approach has been implemented through field measurements [Ferek et al., 1998; Goode et al., 1999; Hao et al., 1991 Hao et al., , 1996 , as well through remote sensing analysis of smoke components [Ferrare et al., 1990; Kaufman et al., 1992; Randriambelo et al., 1998 ]. Both field and remote sensing gas emissions measurements require simultaneity with active fires, either experimental or actual ones. This is difficult owing to operational difficulties to synchronize measurement campaigns with fire activity.
[5] The second approach for emission estimations is based on indirect models that integrate the input variables involved in the process in different manners [DeFries et al., 1999; DeFries and Townshend, 1994; Stroppiana et al., 2000] . This approach makes it possible to integrate burnt area maps with independent estimations of input variable values. On the negative side, these studies present more factors of uncertainty caused by error propagation effects when different input variables are considered. Most of these emissions models take into account the biomass loads (i.e., total biomass or available fuel), burning efficiency, burnt areas, and combustion parameters (i.e., combustion efficiency and emission factors or emission ratios) [Reinhardt et al., 1997; Seiler and Crutzen, 1980] .
[6] Remote sensing is an excellent source of information to derive some of the input parameters required by those models [Ahern et al., 2001; Barbosa et al., 1999; Stroppiana et al., 2000] . Since remote sensors at different resolutions measure the same physical variables (e.g., reflectance and temperature), the use of remotely sensed data in emission models may provide a significant help for spatial scaling, while explicitly considering spatial heterogeneity, mainly when working with input variables at different levels of detail (e.g., fuel types, moisture content, or biomass loads, among others) [Foody and Curran, 1994; Hall et al., 1988] . The progress in data fusion techniques may provide a solid framework for this integration in the near future [Wald, 1999] . Additionally, the temporal frequency of remote sensing observations may greatly improve time-domain estimations of gas emissions.
Objectives
[7] This work presents a strategy to improve the spatiotemporal estimations and analysis of biomass burning emissions at regional and global scales. The model is based on Seiler and Crutzen's [1980] ; however, it makes extensive use of satellite images to enhance the spatial assessment of input parameters. Input data processing and statistical analysis of results were based on a geographic information systems (GIS) module (named GFA and integrated in ArcView TM ), which was developed for this purpose [PalaciosOrueta et al., 2002] . This article addresses the operability of this system for estimating emissions on a monthly basis and at global scale. The tool contributes to the estimation of global emissions derived from biomass burning and could therefore be used also as a monitoring tool in the implementation of Kyoto protocol.
[8] The assessment of the model was based on estimating CO and CO 2 monthly emissions in the African continent (between 18°N and 35°S) during the year 2000. This study area was selected owing to its importance in global emissions in terms of size and the influence that tropical areas have at global level [Andreae et al., 1996; Barbosa et al., 1999; Brown and Gaston, 1996; Cofer et al., 1996; Delmas et al., 1991; Lacaux et al., 1996; Scholes and Vandermerwe, 1996; Ward et al., 1996] . However, the GFA module can be easily applied to other study areas, as long as the input data are available.
Methods

Description of the GFA Module
[9] The global fire analysis (GFA) program has two components. The first one (GFA-I) is focused on providing spatial and temporal statistics of burned areas and active fires using thematic layers as classification criterion. It provides both cartographic and table results. The second component (GFA-II) deals with gas emission estimations and is therefore the basis for this paper. The model implemented in GFA-II is based on an indirect approach for gas emissions estimations proposed by Seiler and Crutzen [1980] , which has been formulated as:
where M i,j,k is the amount of gas released for a specific area (with i, j coordinates) in teragrams; BL i,j,m is the biomass load (dry matter) for the same area in grams per square meter (assuming the area has a homogenous cover of fuel/ vegetation type m); BE i,j,m is the burning efficiency (i.e., proportion of biomass consumed, 0 -1) of fuel/vegetation type m; BS i,j is burned surface of the same area (m 2 ); and E k is the amount of trace gas k released per dry matter unit (g kg À1 of biomass).
[10] This equation integrates a set of biophysical variables that can be estimated at several levels of detail, which makes it general enough to be applied at different temporal or spatial scales. The prototype GFA-II code works with the Plate Carré projection since it provides a reasonable balance of cartographic errors when working at global scale. Spatial resolution is 0.00893 squared degrees, which is close to 1 km 2 at the equator; nevertheless, the pixel size can be defined by the user depending on the input data. The results are computed at pixel level, but they are integrated using specific thematic layers defined by the user. Currently, countries, climatic regions, geographical strips, and vegetation units are included in the module.
[11] For the geographical analysis accomplished in this paper, emissions were computed by 0.5°latitude strips, as well as by vegetation types. A more specific analysis was undertaken on the two bands where fire activity is highest (3°-11°N and 5°-13°S). For these areas the temporal evolution of emissions, as well as input variables, will be cross-analyzed.
[12] In the prototype modules a modified version of the Olson map of ecosystem units [Olson et al., 1983] has been selected as the vegetation unit base map because this is still the only map that provides global consistent carbon content values. Olson classes for this work were defined on the basis of their potential to burn, and their carbon contents were revised according to several sources , 1999 Ottmar et al., 2001 Ottmar et al., , 2000a Ottmar et al., , 2000b J. S. Olson, personal communication, 2002] .
[13] The GFA-II module can work on the basis of either constant average biomass load (BL) and burning efficiency (BE) values for each vegetation type or on spatially distributed values. When using average values, GFA-II assumes no spatial variability within each cover class (hereinafter referred to as Olson ecosystem classes (OEC)). Therefore BL and BE have fixed values for each OEC (both spatially and temporally), taken from literature references (Table 1) , and the only source of variation is the map of burned areas input by the user. In the study area, woodlands and savannas show a wide variability in terms of total biomass and fuel availability. For this reason, Olson values have been adjusted for these ecosystems using Ottmar series for quantifying Cerrado fuel in central Brazil. Although the data are not from Africa, they are consistent along a vegetation gradient and therefore more appropriate than using African data from different sources. Thus Cerrado woody and herbaceous vegetation composition has been the main indicator for BE and emission ratios. Burning efficiency values assigned for ''savanna trees,'' ''woodland trees,'' and ''woody savanna'' range from 0.60 to 0.35 on the basis of vegetation size distribution as defined by the Ottmar fuel series from the Brasilian Cerrado, which corresponds approximately to ''Campo sujo,'' ''Cerrado ralo,'' ''Cerrado sensu stricto,'' and ''Cerrado denso,'' where the percentage of woody material ranges from approximately 20 to 90%.
[14] Emission ratios have been approximated according to the amount and size of woody material. A large part of it is composed by medium sizes that are consumed through slow burning and consequently with lower combustion efficiency (CE) and higher CO release.
[15] The second mode for using the GFA-II includes some techniques for addressing the spatial and temporal variability of BL and BE and should provide a more realistic and accurate estimation of these variables. Remote sensing data were selected for this purpose since they provide adequate temporal and spatial variability to monitor vegetation trends. We did not intend to develop new methods for BL and BE estimation from satellite data but rather to take advantage of previous works, adapting them to the global assessment of both parameters. OEC were used as the starting point of this approach, and satellite time series images were used to refine the spatial and temporal variability included in the OEC original map. The following paragraphs describe how BL and BE were modeled within this spatiotemporal scheme.
Biomass Loads
[16] The amount of material available to be consumed has been considered as total biomass load (BL). This parameter will be adjusted to the burnable load (i.e., amount of biomass potentially burnt) using the burning efficiency (BE) coefficient of each OEC, as will be explained later.
[17] The estimation of BL in the literature has been approached from field measurements, ecological modeling, and remote sensing methods [Box et al., 1989; Fazakas et al., 1999] . Doubtlessly, it is a complex issue since it involves wide spatial and temporal variability, even within specific species. Consequently, at a global scale, simplifications need to be adopted. For this project the estimation is based on spatial variation of spectral vegetation indices derived from satellite data, which have been extensively used for this purpose [Box et al., 1989; Ricotta et al., 1999; Sannier et al., 2002; Steininger, 2000] .
[18] For each OEC, biomass load has been bounded according to the maximum and minimum carbon content assigned by J. S. Olson (personal communication, 2002) . Biomass load spatial distribution has been estimated from yearly accumulated normalized difference vegetation index (ANDVI) values as a measure of accumulated photosynthetic activity throughout the year. ; BLF is biomass live fraction; BES is standard burning efficiency; CE is combustion efficiency; and ERCO is emission ratio of CO, as referenced to CO 2 . Sources are as follows: OEC, J. S. Olson (personal communication, 2002) ; BLF, R. D. Ottmar (personal communication, 2002 , based on the work of , 1999 and Ottmar et al., 2001 Ottmar et al., , 2000a Ottmar et al., , 2000b ANDVI max,m are the minimum and maximum accumulated values of NDVI for OEC m; and BC is the factor to convert from grams of C to grams of biomass (in the GFA-II prototype a value of 0.45 was used, which is the most commonly accepted amount of carbon per biomass amount).
[19] The ANDVI was computed as
where NDVI max,i,j,l is the maximum daily NDVI value for month l in each pixel i,j. Selecting the maximum NDVI of a daily time series is a common practice in processing satellite data since daily images may be affected by clouds, atmospheric disturbances, or view-angle effects [Holben, 1986] . As it is well known, NDVI is defined as the normalized ratio of near infrared and red reflectance [Rouse et al., 1974] :
where r NIR and r R refer to the NIR and red reflectance, respectively.
[20] The use of ANDVI as a surrogate of biomass production has been proposed by other authors, who found good correlations between these two variables in several ecosystems [Barbosa et al., 1999; Box et al., 1989] . Obviously, it implies assumptions that are only acceptable when working at a global scale. For instance, NDVI is only sensitive to green biomass, not to those components such as trunks and branches that in many ecosystems represent the largest component of the biomass. Thus this approximation is appropriate for annual herbaceous vegetation, while its adequacy for forest is not so clear. This is because in a full coverage forest, NDVI saturates (during the whole year for an evergreen forest) and also the forest's photosynthetic component represent a low percentage of the total biomass. Therefore this method is more appropriate in areas where forests are not mature and do not have complete coverage (i.e., secondary forests or disturbed forests) where higher NDVI represents higher density. In Africa, most of rain forest fires are located in disturbed areas; therefore this method can be a good approximation for areas with high fire probability. Consequently, although there will be errors in biomass load estimations, these will happen in areas where fire rarely occurs (mature undisturbed forest), and we expect that it will not heavily affect our results.
[21] Monthly maximum NDVI values were computed from a time series of SPOT-Vegetation NDVI 10-day composites (http://www.vgt.vito.be/). The time series cover the period from April 1998 to September 2002 at 1 km 2 pixel size. The images were already available in Plate Carré projection.
Burning Efficiency
[22] The amount of biomass consumption by the fire is estimated by the burning efficiency (BE) coefficient, defined as the percentage of the total carbon released from the initial stock of carbon contained in the preburn aboveground biomass [Fearnside et al., 2001] . The consumption rate depends on vegetation type and on fire characteristics, especially rate of spread and intensity (which mainly depend on wind, topography, and moisture conditions). Thus BE is composed of a constant structural component that accounts for the amount of material that has a realistic probability of burning (i.e., herbaceous, fine woody material, and litter) and a highly variable component dependent on the environmental conditions that account to a great extent for vegetation moisture. The two extreme classes for Africa in terms of burning efficiency are ''broad-leaf evergreen forest'' and ''grasslands.'' In the first case the main part of the total biomass is composed of large woody material (trunks and branches), which have a low probability of being burnt, and only the smaller components are usually consumed. In the case of grasslands, most biomass is potentially burnable.
[23] Besides changing along with the vegetation composition, BE also changes seasonally, mainly related to the seasonal trends of moisture content [Fearnside et al., 2001; Hoffa et al., 1999] . As it has been shown by several authors, moisture content of fuels is a critical factor in fire propagation [Viegas, 1998] , with less intense and slower fires when fuels are more humid.
[24] Several authors have estimated BE average values for different ecosystem/land cover type from field experiments. These studies rely on measuring biomass consumption in order to characterize the effects of vegetation structure and composition, as well as environmental factors on fire properties [Akerelodu and Isichei, 1991; Bilbao and Medina, 1996; Dignon and Penner, 1996; Fearnside et al., 2001; Hoffa et al., 1999; Hurst et al., 1994; Kasischke et al., 2000; Levine, 2000] .
[25] Since fuel moisture estimation has been traditionally based on meteorological danger indices ], the use of these indices to approximate BE seems a logical approximation [Mack et al., 1996] . However, the global modeling of BE would require meteorological measurements with continuous spatial coverage that is unavailable at a global scale. Thus remote sensing images appear as an alternative way to estimate fuel moisture and, in turn, BE. Some recent studies have addressed the estimation of fuel moisture status from remotely sensed data, both from theoretical and empirical point of views [Ceccato et al., 2001; Chuvieco et al., 2003 Chuvieco et al., , 2004 Zarco-Tejada et al., 2003] . They confirm good correlation between NDVI and related indices (such as greenness) with moisture content for grasslands but underline problems in extending such relationships to other vegetation types since NDVI does not include spectral bands in the short wave infrared, which is the most sensitive to water content. However, NDVI has been used by several authors to estimate BE values at global scales. For instance, Barbosa et al. [1999] used relative monthly variations of NDVI values (greenness) as a direct estimation of BE, assuming that NDVI changes throughout the year measure changes in fuel moisture content, as some authors had proposed [Burgan and Hartford, 1993] .
[26] The GFA-II approach to estimate BE accounts for both the structural and the environmental factors: it applies BE average values for different ecosystem classes (standard burning efficiency (BES); see 
where BE i,j,l is burning efficiency for pixel i,j in month l; BLF m and DF m are the proportions of live and dead fuels in the OEC m (Table 1 ; DF = 1 À BLF); and BES m is the standard burning efficiency values for OEC m (Table 1) .
[27] The BLF, DF, and BES parameters are the structural components. Our estimation of BE discriminates between BLF and DF because live and dead fuels show a distinct response to moisture content changes [Burgan and Rothermel, 1984] . Burning efficiency of live fuels are assumed to vary inversely along with greenness (the lower the greenness, the drier the fuel, and the higher the BE), while the dead fuels are considered totally consumed in case of a fire. BES accounts for the proportion and size of woody material to herbaceous or foliage biomass. Since we are not using fuel load but biomass load, an overestimation of BE may appear in those ecosystems with a low proportion of foliage biomass. For instance, for an evergreen broadleaf forest the estimated proportion of live fuels is 70%. Therefore, in the driest months, the estimated BE will be close to 1, which is not realistic since this OEC is unlikely to be consumed completely. As a consequence, using the BES threshold, the final BE estimated values will be located on the correct range of variation.
Burnt Surface
[28] African burnt surface maps for the year 2000 were derived from the Global Burned Areas (GBA-2000) project, which has globally mapped all burned areas based on the analysis of SPOT-Vegetation data [Grégoire et al., 2003] . The project provides burned area regional monthly mosaics for the whole world. For this work the monthly binary files (burned/unburned) were downloaded from the Web page of the project (http://www.gvm.jrc.it/fire/ gba2000/gba2000_sources.htm). Optimized algorithms by ecosystems were applied to detect burned surfaces.
Combustion Efficiency and Emission Ratios
[29] A critical variable in terms of climate studies is the trace gas species distribution, which is directly dependent on the fire combustion efficiency (CE). Combustion efficiency expresses the ratio between the flaming and smoldering phases, which depends on vegetation type and actual fire conditions. Most of the references provide values for the two end-members that represent the more distant CE values, which are the savanna and forest ecosystems. CE is higher during the flaming phase, which is dominant in savanna, while in forest the opposite happens. In general terms, combustion efficiency for grasses can be around 0.95 , while for large diameter fuels it is 0.70. Therefore a way to estimate CE can be based on the relative proportion of woody and herbaceous components in a given ecosystem [Mack et al., 1996; .
[30] Combustion characteristics are taken into account in the form of emission ratios (ER) or emission factors (EF). While EF is the total amount of trace gas released per unit of dry matter, ER is the ratio between a gas species concentration and CO 2 concentration. The choice between emission ratios or factors is based on data availability. Although the use of EF is more accurate, when working at global or regional levels, ER are more easily available. For this reason the formula implemented in GFA-II was
where ER k is a nondimensional emission ratio for gas k relative to CO 2 emissions; CE is the combustion efficiency (nondimensional); AC is the amount of carbon in vegetation (nondimensional; default 0.45); and CCO is the amount of CO 2 per kg of carbon as element (g CO 2 /kg C = 3667).
[31] The emission ratios implemented in GFA-II are based on experimental results from several sources ( Table 1) . Most of the experiments have been accomplished on well-defined ecosystems, and consequently, reference values have been adapted to the characteristics of the OCE classes. The main criterion has been the relative amounts of woody and herbaceous vegetation of each OEC.
Results and Discussion
[32] Table 2 shows the annual and monthly distribution of burned areas, as well as estimated CO 2 and CO emissions for the whole study region. According to the GBA maps used in this study, a total of 2,399,809 km 2 were burned in Africa during the year 2000. Following the methods presented in this paper, those fires released a total amount of 5711.78 of CO 2 and 336.43 Tg CO. Despite the different techniques and spatial instruments used, the burned area obtained by Grégoire et al. [2003] is within the range of values obtained by other authors. Our gas emission estimates are higher but in the range of other studies on the same continent (Tables 3 and 4 ). The higher estimations may be caused by higher biomass loads and the consideration of both dead and life fuel and the spatiotemporal variability of the BE. Additionally, the larger amount of emissions could be due to biomass production anomalies during the year 2000. Anyamba et al. [2002] found that the transition from El Niño to La Niña during 1999-2000 had significant effect on biomass production in east and southern Africa, owing to a rearrangement of precipitation patterns shown by NDVI anomalies. Dwyer et al. [2000] had already shown that in the areas where moisture deficit is highly negative or positive, fire number and intensity decreases owing to lack of fuel in the first case and excess of moisture in the second.
[33] From the total area identified as burn scars in the GBA project, 1,081,500 km 2 (45%) were burned in the Southern Hemisphere (0°-35°S) and 1,318,309 km 2 (55%) in the Northern Hemisphere (0°-18°N). However, according to our model, the areas south of the equator released more gasses than the Northern Hemisphere. More specifically, the southern African latitudes released 3579.22 Tg CO 2 (62.66%) and 218.21Tg CO (64.86%), while 2132.56 and 118.22 Tg CO were emitted in the Northern Hemisphere. Therefore the Northern Hemisphere gets more burnings but less emission than the Southern Hemisphere. This fact should be related to the land cover distribution in both latitude belts, as it will be commented later on.
[34] Emission spatial patterns clearly show two bands with higher biomass burning and gas emissions activity located between latitudes 3.5°and 11°N (north band (NB)), and between 4.25°and 12.75°S (south band (SB)) (Figures 1 and 2 ), which concentrate a total amount of 81.69% of CO emissions and 79.58% of CO 2 emissions of the whole continent, plus more than 72% of total burned area. These two belts have been identified by other authors as well. For instance, Dwyer et al. [2000, p. 174 ] labeled them as zones with ''very high level of fire activity, moderate to long fire season duration, and moderate to large fire agglomerations,'' which are characterized by climate conditions favorable for vegetation growth and drying of fuel. These results are also consistent with the hemispheric behavior of the global fire activity as described by Cahoon et al. [1992] and Carmona-Moreno et al. [2003] .
[35] Figure 2 shows the latitudinal gradient for CO 2 and CO total emissions and emission density computed from latitude strips of 0.5 degrees wide. Absolute emissions refer to the total amount of gas emitted for each latitude strip, while relative emissions consider the different area extension of each latitude strip. In both cases a clear contrast between the Southern and Northern Hemispheres is again observed, with higher values in the former. The relative emissions show even clearer this contrast since the northern strips are more massive. For instance, considering absolute values, the peak of the CO 2 emissions in the Southern Hemisphere is 1.18 times larger than in the Northern Hemisphere, while the CO emissions peak is 1.32 larger in the southern than in the northern peak. In relative terms, taking into account the area covered by each strip, the peak of CO 2 emissions of the Southern Hemisphere is 2.76 times larger than the Northern Hemisphere and 3.09 with respect to CO emissions.
[36] Figure 3 confirms this divergence between the Southern and Northern Hemisphere. In this case the geographical distribution of CO 2 emissions is compared with latitude variation of burned area. As indicated before, the emissions are higher in the Southern Hemisphere, with the critical peak between 4.25 and 12.75°S, while the highest concentration of burned areas is found in the Northern Hemisphere, especially between 5.25 and 12°N. Considering just the two bands of higher fire occurrence, previously named as SB and NB, the contrasts between the Southern and Northern Hemispheres are also clear. The SB emits 2698.72 Tg CO 2 (47.24% of total CO 2 emissions) and 172.68 Tg CO (51.32% of total CO) and includes 26% of total burned area, while the NB emits 1846.52 Tg CO 2 (32.32%) and 102.16 Tg CO (30.36%) but includes 46% of total burned area.
[37] As indicated beforehand, the main reason for this divergence in gas emissions between the two hemispheres can be linked to their dominant vegetation covers with different burning behaviors, mainly with respect to BL. Figure 3 also shows the latitude distribution of burned biomass. The Southern Hemisphere gets higher biomass burned amounts than the Northern Hemisphere. This contrast is particularly evident when compared to the burned area. The main reason of this divergence is related to land cover distribution.
[38] Figure 4 shows the latitude distribution of some OEC input to the model. Burned areas and CO 2 emissions are also included for better comparison. As previously commented, the burned areas are more extended in the Northern Hemisphere, especially in the fringe between 3 and 13°N. The main ecosystem classes at these latitudes are woody savanna and savanna trees, i.e., grasslands with different tree cover proportion (30 -60% for the former; l0 -30% for the latter), which have biomass loads in the range of 5400- The burned area was computed based on the vegetation types area and on the correspondent fraction of area burned annually. c Average value computed from the time series 1998 -2001. d Value computed from burned areas detected in 2000 from GBA-2000 product [Grégoire et al., 2003] . . The Southern Hemisphere also has an important proportion of savanna trees but mainly in the band between 12 and 25°S, which is not so severely affected by fire. The highest fire occurrence of this hemisphere is found in the band between 3 and 12°S, which is mainly occupied by woodland trees (more than 30% of the fringe area in most cases) plus evergreen broadleaf and woody savanna (12 -15% each). Woodland trees are grasslands with an important tree cover (40 -60% of trees taller than 5 m), while evergreen broadleaf refer to the equatorial primary and secondary forest. Both woodland trees and evergreen broadleaf covers have higher biomass loads than those ecosystems with more extension of savannas, averaging 19,214 and 21,959 g m À2 , respectively. It is interesting to note that in those latitude bands where evergreen is predominant (between 4°N and 6°S), fires are much less frequent, corresponding also to the most humid regions of the continent.
[39] The distribution of gas emissions show a clear correlation with burned biomass distribution, as seen in Figure 3 , and reflect well the distribution of some OEC covers. While in the Northern Hemisphere, fires burned mainly grass-rich ecosystem units (savanna trees and woody savanna); they have a greater impact on shrubs and treecovered OECs in the Southern Hemisphere. Consequently, the biomass loads burned are much higher, as is the amount of carbon released to the atmosphere. One can argue that BE values for grass-dominated OEC should be higher than for those more bushy OEC, as is the case in our model, since savanna trees have maximum BE values of 0.65, as opposed to woodland trees with 0.35. Combustion efficiency is higher as well. However, with BL being almost 3 times lower, the multiplication of BL, BE, and CE for savanna trees is still half the value reached by woodland trees and therefore also half the value of the gas emissions produced by this OEC. As stated before, woodland trees are mainly present in the southern band more severely affected by fire and therefore they their presence may explain the divergence between the geographical patterns of burned areas and gas emissions.
[40] Temporal variability of both burned areas and gas emissions shows a bimodal temporal behavior (Table 2) with two maxima in November -February in the NB and in JuneSeptember in the SB (Figure 1 ). OEC classes affected by the fires are also important in terms of potential land use changes and long-term biogenic emission patterns. In savannas the fires occur every year and vegetation recovery is also cyclical, whereas in forest ecosystems a fire may imply a permanent land cover change, increasing biogenic emissions in the long term. This also affects the net CO 2 balance since the savannas act as an important CO 2 sink every year when savanna regrows rapidly [Crutzen and Goldammer, 1993] .
[41] The length of the fire period is a significant issue since the dry season duration is not the same either everywhere or every year. Furthermore, it has been shown that fire conditions significantly change along the season [Hoffa et al., 1999] . Thus we tested the consistency between BE temporal changes and burnt areas temporal distribution.
[42] Figure 5 shows the monthly average of BE values together with the monthly BS for the NB and SB where most fires occurred. Temporal trends of burnt areas for each latitude band cross at the end of April and October at a distinct low values. These points may be considered as the onset and the end of the fire season for the each of the Hemispheres. Burning efficiency values for both areas follow similar trends, although less marked. BE lines cross half a month later than BS lines. Since BE may be considered an indicator of dryness, this graph gives an idea of the coupling between the dry season and the burning period. In the south, BE reaches the maximum value in September and keeps decreasing until NovemberDecember at the end of the fire season. The fact that BE reaches its maximum value after the fire peak can imply that weather conditions at this time are no longer optimal for fires, but vegetation is still dry and the small number of fires occur at a high BE values. The time evolution of BE is more coupled with BS in the north band: minimum BE happens at the same time that minimum BS, increasing both lines at the same time and reaching the maximum BE and BS in December. This tendency is not so evident in January. The difference in BE patterns between the NB and the SB may be due to the northern savannas faster reaction to dry season in contrast with higher buffer potential of the southern woody ecosystems. Although working at different scale these results reinforces Hoffa et al. [1999] , who found when working at field level that there was lower fuel consumption in the early dry season. In terms of species distribution, the previous authors found as well that the decrease in combustion efficiency had a larger effect on the release of incomplete combustion products than the percentage of fuel consumed (BE) as well. They found also that to use a single CE value for each ecosystem is not accurate enough because incomplete combustion emissions per unit area were lower during the late dry season.
Conclusions
[43] The paper was intended to present a GIS programming tool (named GFA) specifically designed to estimate gas emissions from biomass burning at global scales based on Seiler and Crutzen [1980] model. The program makes extensive use of remote sensing input data. These data serve to spatially and temporally interpolate parameters that are critical for indirect estimation of gas emissions, such as biomass loads and burning efficiency. The GFA tool was designed with enough flexibility to include customized parameters for all input variables, as well as to tune up the estimation accuracy in terms of input data layers.
[44] Considering the different assumptions needed when working at global scales, the example presented with African burned areas in 2000 shows that this method provides interesting insights in the spatial and temporal variability of gas emissions and provides new modeling tools for global atmospheric research.
[45] Results show that while biomass burning emissions are highly dependent on burned areas, gas species emission distribution is a function of land cover distribution. Emissions density distribution is particularly sensitive to biomass loads, burning efficiency, and burning conditions. Through remote sensing we can obtain more accurate spatial and 
